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[ Abstract |

on high-speed railway lines, an artificial intelligence-based neural network method was used. Structural deformation data of platform

In order to solve the problem of real-time monitoring and accurate prediction of structural deformation of platform doors

doors, involving 210 different conditions of train length, blocking ratio, installation distance, and speed, were selected as training
samples for the network model. Two neural network models, CNN( convolutional neural network ) and K-Fold ( K-Fold cross-validation)
optimized GRNN( general regression neural network ) , were used to establish predictive models for platform door structural deformation
under different working conditions of high-speed railways. These models were compared and verified with the remaining sample data.
The research shows that both models effectively predict the operation and maintenance data of railway platform door structures. The
K-Fold optimized GRNN model is superior to the CNN model in prediction accuracy. The Mean Square Error of the K-Fold optimized
GRNN model is maintained within 0. 22, and theRoot Mean Square Error is within 0. 27, which is at the leading level in the field. The
K-Fold optimized GRNN model better predicts the structural deformation of platform doors when trains pass, providing data references
for the design and maintenance of high-speed railway platform doors.

neural network; regression prediction; platform door operation and maintenance; high-speed railway platform doors
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Fig. 1 CNN neural network structure diagram
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Fig.2  GRNN neural network structure diagram
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Fig. 3 K-Fold cross verification diagram
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Table 1 Sample validation data table

o R/ WISE BRI/ friiif WA/

m mm (km-h~')  mm
1 101. 4 5.5 700 200 6.99
2 151.4 5.78 1000 100 2.12
3 151.4 5.78 1000 120 2.69
4 187.0 5.93 700 200 8.29
5 201. 4 6.25 1500 140 4.13
6 201. 4 6.25 1500 160 4.68
7 187.0 6.24 1000 140 3.83
8 95.8 6.45 1200 120 4.93
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predicted value of CNN model
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value of GRNN model based on K-Fold optimization
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Table 4 Comparison of prediction errors
of CNN and K-Fold GRNN

_ 1y
MEA_n;

CNN K-Fold GRNN
e U B/
o ok iR
mm mm

1 6.99 6. 64 -0. 050 7.07 0.011
2 2.12 2.08 -0.018 2.40 0.132
3 2.69 2.97 0. 104 3.03 0.126
4 8.29 7.31 -0.118 7.98 -0.037
5 4.13 3.74 -0. 094 3.85 -0. 067
6 4. 68 4. 69 0. 002 4.76 0.017
7 3.83 4. 15 0. 083 3.97 0.036
8 4.93 5.09 0.032 4. 89 -0.008

x5 WHEEH MEA 5 RMSE %ftt
Table 5 Comparison of MEA and RMSE of two models

o 225 ) 4 A AR Y1725 MEA YR 2E RMSE
CNN 0.3373 0.4343
K-Fold GRNN 0.2239 0.265 2
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Table 6 Comparison of the optimal accuracy
of two prediction methods
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